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Data assimilation (DA) integrates a dynamical model with real-world observations. Originally de- Latent Dynamics Network (LDNet) learns surrogate dynamics in a low-dimensional latent space (d; < d,): dynam- Assimilation accuracy: With 0.44% observation density and 10% observation noise, LD-EnSF achieves lowest assimilation error.
veloped for weather forecasting, it is now widely used in geophysical and scientific modeling. ics network Fy,, reconstruction network Ry,
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Formally, let z; € R% evolve as, with sparse and noisy observations (d, < d): i Assimilation Step Assimilation Step Assimilation Step

Ty = P21, ), yr = H(zt) + 7. Supports arbitrary observation locations and enables joint state—parameter assimilation.

Computational speedup: LD-EnSF runs dynamics entirely in a compact latent space, eliminating full-space simulation cost.

Goal: compute P(z | y1) forall ¢. In the Bayesian filtering framework, this evolves P(x;—1|y1.+-1) to EnSF in Latent Space is performed for both the latent states and parameters (s;, u;) using latent observations (S, ).
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Background

Speedups of 2x10°, 4% 102, 5x 10° on prediction step; assimilation also faster due to drastically reduced latent dimension.
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Classical DA methods such as EnKF and LETKF are efficient but assume linear, Gaussian posteriors,
a poor fit for chaotic, nonlinear systems. Variational methods like 4D-Var are more accurate but
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i Atmospheric visualization: Zonal wind velocity field from an atmospheric modeling with a given forcing field. Assimilation results and
require expensive repeated forward simulations. i

corresponding errors at the final time step.
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Ensemble Score Filter (EnSF) [1] can handle nonlinear, high-dimensional posteriors. It samples the
posterior via a reverse-time SDE (pseudo-time 7:1—0, Gaussian — posterior). The posterior score
IS decomposed as:
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= The prior score is approximated via Monte Carlo using the ensemble. QA [ & qu
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= Under sparse observations the likelihood score vanishes in unobserved dimensions, causing
-nSFE to fail. Latent-EnSF [2] addresses this by assimilating in a VAE latent space. LDNet Surrogate Accuracy
However, both EnSF and Latent-EnSF propagate dynamics in the
. making the prediction step computationally expensive. Surrogate models offer a com- LDNet 50
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score-based filtering (EnSF) for accurate assimilation and parameter correction in the latent space. enabling stable long-term dynamics.
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